Introduction

25
Natural selection is the phenomenon where effects of traits on fitness necessarily result in 26 within-generation changes in the distribution of phenotype, weighted by fitness (Godfrey-27 Smith, 2007). When heritable traits are selected, and in the absence of antagonistic selec-28 tion of genetically correlated traits, the effect of a trait on fitness also results in changes 29 in the distribution of breeding values. This change of the distribution of breeding values 30 transmits within-generation phenotypic change to the next generation. This fundamen-31 tal evolutionary mechanism has led to a range of approaches and perspectives on how 32 to explain phenotype-fitness relationships in terms of causal and correlative effects, and 33 how to quantify the ultimate evolutionary consequences of selection (Endler, 1986; Lande 34 and Arnold, 1983 ; Mitchell-Olds and Shaw, 1987; Price, 1970; Robertson, 1966; Schluter, 35 1988; Shaw and Geyer, 2010) . The main partitioning of selection is the decomposition of 36 a selection differential S, the covariance of a trait with relative fitness, into that resulting 37 from direct effects, as represented by selection gradients β, and correlational effects (Walsh 38 and Lynch, 2012) , resulting from selection of phenotypically-correlated traits. Generally, 39 selection gradients are characterized as describing the causal effects of a trait on fitness, 40
i.e., representing "selection for" (Endler, 1986; Sober, 1984) , rather than the total associ-41 ation of traits and fitness ("selection of"), and so are often the most central parameters in 42 empirical and theoretical studies of natural selection. 43 Arnold (1983) provided the basis for a thought experiment that can be used to eluci-44 date the importance of the distinction between direct and total causal effects of traits on 45 fitness. Consider two characters: an aspect of morphology, and an aspect of organismal 46 performance, and also their relationships with fitness. Assume that morphology influences 47 fitness via an effect on performance, which itself influences fitness, but that morphology 48 does not affect fitness independently of performance. Figure 1 illustrates these relationships 49 graphically. Arnold (1983) considered the problem of inference of selection and prediction 50 of evolution of morphology, especially in light of the fact that it may be hard to simultane-51 ously and meaningfully measure morphology and fitness on a sufficiently large number of 52 individuals to make robust inferences in any given single study. Arnold (1983) emphasised 53 how to use Wright's (1921; 1934) path rules to make inferences of the selection of mor-54 phology, given separate inferences about the effects of morphology on performance, and of 55 performance on fitness. van Tienderen (2000) extended the approach, showing how demo-56 graphic principles can be used to evaluate performance (i.e., demographic rates, life history 57 traits) -fitness relationships, and how to relate these to other traits, such as morphology. 58
In the morphology-performance-fitness model, a selection gradient of morphology can be 59 obtained as the product of the coefficients describing the morphology-performance and 60 performance-fitness relationships. The product of this selection gradient and the genetic 61 variance of the morphological trait yields a prediction of evolutionary change in perfor-62 mance. Multivariate evolutionary prediction follows in a standard manner in order to 63 predict evolutionary trajectories of multiple aspects of morphology (Arnold, 1983; Lande, 64 1979 ). However, simultaneous evaluation of selection and evolution of morphology and 65 performance is not so straight forward 1 . 66
If morphology influences performance, three important consequences follow. First, the 67 phenotypic covariance (partial covariance, formally, but these are equivalent in this simple 68 case) of morphology and performance will be non-zero. Second, the genetic covariance 69 will be non-zero; essentially, if morphology affects performance, breeding values for the 70 morphological trait are consequentially a component of the breeding values for performance. 71
Third, the effect of morphology on fitness will be non-zero, providing that performance 72 indeed influences fitness. This illustrates two related and potentially non-intuitive features 73 of selection gradients that necessitate care in their interpretation. First, selection gradients 74
are not necessarily interpretable simply as 'effects' of a traits fitness. Rather, selection 75 gradients describe the direct components of effects of traits on fitness. In the morphology-76 performance-fitness model, the selection gradient for morphology is zero, if morphology and 77 performance are considered simultaneously, but the true value is non-zero if performance 78 is not simultaneously considered. So, second, the selection gradient is partially a function 79 of the (arbitrary) inclusion of traits that may mediate a focal character's ultimate effect 80 on fitness. 81
The dependence of selection gradients on the choice (or constraints) of what traits are 82 included in a study is not necessarily a case of selection being erroneously estimated, 83
i.e., it is distinct from the "missing variable" problem (Hadfield, 2008; Morrissey et al., 84 2010; Rausher, 1992) . A univariate analysis of selection, genetics, and predicted evolu-85 tion of morphology, where the genetic variance of morphology is multiplied by a selection 86 gradient representing the total regression of relative fitness on morphology, would pro-87 vide a correct evolutionary prediction. Similarly, a bivariate analysis, where the genetic 88 variance-covariance matrix of morphology and performance was post-multiplied by a vec-89 tor containing the partial regressions 2 , where the partial regression of relative fitness on 90 morphology is zero, would yield a correct evolutionary prediction as well. The "missing 91 variable problem" would occur if an unmeasured variable existed that caused covariance 92 of morphology and/or performance with fitness, beyond the causal effects of the traits 93 themselves (Morrissey et al., 2010) . 94
Clearly, partitioning total selection, i.e. the selection differential, S, into direct and 95 indirect selection neither results in full characterization of the different possible aspects of 96 relationships among traits and fitness, nor does it match intuition. A selection coefficient 97 describing the total effect, not simply the direct effect, of a trait on fitness will have 98 substantial interpretive advantages. Definition of this third selection coefficient, effectively 99 an "extended-sense" selection gradient η, allows the primary division of types of selection 100 coefficients to be based on causation, rather than on direct versus indirect effects. As 101 such, total selection is thought of as the result of causal effects of a focal trait on fitness, 102 summarized by η, and indirect selection due to incidental correlations. η, the total causal 103 genetic variation and evolutionary change by deriving an equation that relates extended se-132 lection gradients to genetic variation in order to quantitatively predict evolutionary change. Multivariate evolutionary prediction using extended selection gra-
Expected evolutionary change based on (path coefficient-based) estimates of extended se-150 lection gradients can be obtained starting with the Lande equation (Lande, 1979) , 151
where ∆z is the expected per-generation change in the vector of mean phenotype, G 152 is the matrix of additive genetic variances and covariances, and β is a vector of direct 153 selection gradients, i.e., the average partial derivatives of relative fitness integrated overthe distribution of the phenotype. In path analytic terms, β are the coefficients associated 155 with arrows directly between traits and relative fitness. To express the rest of the formula 156 in terms of path coefficients, G needs to be related to causal effects of traits on one another 157 (path arrows among traits). Given a matrix of path coefficients b, the total causal effects 158 of each trait on every other trait are 159
Following McArdle and McDonald (1984) and Gianola and Sorensen (2004) , G is deter-160 mined in part by Φ according to 161
where G ǫ represents the additive genetic component of sources of variance and covariance 162 among traits, beyond those attributable to causal relationships among traits. as the sum of the products of the effects of the traits on one another and on relative fitness. 172
So the evolution of the mean vector in terms of extended selection gradients is 173
It remains to consider how exogenous genetic variances and covariances are to be ob-174 
(5b)
where w represents relative fitness, awt represents weight in August (kg), bwt represents 214 birth weight (kg), twn represents twin status (scored as zero or one), and bdy represents 215 birth date (day of the year). i indexes individuals, e i terms are residual errors of the 216 bracketed quantities, and µ are intercepts. I evaluated the three multiple regressions in 217 equation 5 using MCMCglmm (Hadfield, 2010) . This allowed statistical uncertainty in 218 both direct and extended selection gradient estimates to be evaluated by integration over 219 the joint posterior distributions of the solutions to equation 5. 220
The estimates of β from equation 5a, the fixed components of which are essentiallygradients, and estimates of η obtained by applying path rules to coefficients obtained from 223 equations 5a-c, are given in table 2. The interpretation of extended selection gradients is well-illustrated by this example. 235
Twin status and birth weight have very small direct influence on fitness, and therefore 236 small β. Insofar as it is reasonable to assume that these traits may have causal effects 237 on August weight and fitness, it is very worth quantifying the total effect of this trait 238 on fitness if we are trying to understand the adaptive significance of variation in birth 239 weight. η most closely reflects the concept of "selection for " (Endler, 1986; Sober, 1984 
where the traits are (numerical indices for model term subscripts in brackets): (1) days 269 to germination, dgerm, (2) mass on day 60, m60, in grams, (3) days to first flower, dtf , 270 (4) final total mass, mass, in grams, (5) number of reproductive tillers, rpt, (6) combined 271 mass of reproductive tillers, mrt, in grams, and (7) Trivially, the path-based estimate of the direct effects of number and mass of reproductive 306 tillers on fitness were also positive, because η and β are identical for these traits, given 307 the path model ( figure 3, equation 6 ). The direct effect of mass on fitness is negative. 308
To compare the path-based estimate of β with unconstrained estimates, I estimated β 309 by multiple regression of spike number on the other six traits. For this I fitted a model 310 directly analogous to equation 6a, but including partial regressions of relative fitness on all 311 other traits, and without the estimate of the among-line variance of relative fitness. For 312 the traits with non-zero β as defined by the path model, the path-based and unconstrainedestimates of β are similar. Unconstrained inference of β suggests a negative direct effect 314 of days to first flower on fitness (table 3) . 315
As in the Soay sheep example, differences between β and η in the wild oats illustrate 316 important ways in which formalization the path-analysis perspective into evolutionary 317 quantitative genetic inferences yields insight into selective mechanisms. For mass at day 60 318 and days to first flower, η, suggests much more substantial selection than does β. Selection 319 of mass is particularly interesting, as the two types of selection gradients have different 320
Since fecundity variation is the only source of fitness variation in this greenhouse-based 323 experimental system, the portion of the effect of mass on fitness that is independent of 324 effects acting via fecundity is unlikely to be positive. Because non-reproductive structures 325 must be maintained, they must be costly in-and-of themselves, and so the direct selection 326 gradient of mass is negative. However, individuals with greater total mass also have greater 327
reproductive capacity, and so the extended selection gradient of mass, i.e., the total causal 328 effect of mass on fitness, is positive. variance estimates (supplemental tables S2 and S3), rather than any substantial differences 347 in trait-fitness relationships (table 3) . 348
Discussion
349
Extended selection gradients provide a means of quantitatively sumarizing selection that 350 reflects the concept of "selection for" (Endler, 1986; Sober, 1984 is highly variable but not heritable, it could cause a positive overall phenotypic covariance 387 between the first two traits while they could covary negatively at the genetic level, even 388 though the phenotypic and genetic partial regressions among all the traits are equal. 389
Path-analytic estimates of genetic variance-covariance matrices will generally be (sta-390 tistically) more precise than unconstrained estimates of genetic parameters. Consequently, 391 evolutionary predictions based on η will be estimable with less sampling variance (i.e., It is unlikely that relationships among measured variables in any study system will ever 480 completely reflect all causes of covariance. With careful consideration of the biology of 481 any given study system, it is plausible that relationships among measured variables could 482 often reflect the major causes of covariance, but in general, unmeasured traits and aspects 483 of the environment will generally also cause covariance among measured quantities. The 484 consequences of this simple and realistic view of empirical data have profound implications 485 for what can be achieved using the many existing procedures in the path analysis liter-486 ature for assessing the fit of different models to the same dataset. In particular, in the 487 presence of modest effects of unmeasured variables, essentially correct causal structures 488 (among measured quantities) may appear to be preferred when modest amounts of data 489 are available, but with increasing data, there will be a tendency for indices of statistical fit 490 to lead to preference of more complicated models, i.e., models that contain effects that do 491 not exist, but reflect spurious associations due to unmeasured quantities. This principle, 492 where data-driven analytical decisions, especially in frequentist analytical frameworks, will 493 generally result in preference for overly complex and wrong models, applies to statistical 494 modelling in general, not just to path analysis. Experimental data may in principle be more powerful for testing causal hypotheses 532 (Fisher, 1935) , though experimentalists know that specific causal inference from any kind 533 of data can be difficult! Manipulations of traits, or of the selective context in which traitsare expressed, are under-used approaches to characterizing mechanistic basis of natural se-535 lection. The concept of extended selection gradients may greatly facilitate the experimental 536 verification of observational inferences about natural selection, especially for approaches 537 based on trait manipulation. Developmental associations among traits make experimental 538 verification of β notoriously difficult. The basic experiment to verify or quantify a direct 539 selection gradient requires that a trait be manipulated independently of other traits, to 540 test whether relative fitness changes by β · ∆z experimental . However, developmental asso-541 ciations of traits -which may themselves be part of the casual structure of selection -542 generally make independent manipulation of traits difficult if not impossible or irrelevant. 543
In contrast, experimental verification of extended selection gradients is not in principle 544 opposed to the existence of developmental relationships among traits. Importantly, exper-545 imentation should be seen not only as a means of qualitatively verifying causal hypotheses, 546 but also of quantitatively parameterizing mechanistic models. The statistical mechanics 547 presented here for relating extended selection gradients to genetic variation and evolution 548 are equally applicable using inferences from observational or experimental data, separately 549 or in combination. 550
Perhaps the most important conceptual contribution in Arnold's (1983) System of evolutionary prediction Predicted evolutionary change (units: SD) Figure 4 : Evolutionary prediction for vegetative and reproductive traits from a laboratory experiment on a population of recombinant inbred lines of wild oat Avena barbata using extended selection gradient-based evolutionary prediction, the breeder's equation (specifically, Lande's formulation based on direct selection gradients, β), and the secondary theorem of selection, i.e., the genetic covariance of each trait with relative fitness, σ g (z, w). Traits are (a) days to germination, (b) mass at day 60, (c) days to first flower, (d) final total mass, (e) number of reproductive tillers, and (f) total mass of reproductive tillers. Points are mean values of the posterior distribution of the evolutionary prediction based on each predictive framework (path-based extended selection gradients: η, multiple regression-based application of the Lande equation: β, and application of the secondary theorem of selection: σ g (z, w)), and the error bars denote 95% credible intervals.
